Alzheimer's disease is considered a disconnection syndrome, motivating the use of brain network measures to detect changes in whole-brain resting state functional connectivity (FC).
INTRODUCTION
For some time, Alzheimer's disease (AD) has been considered a disconnection syndrome (Delbeuck et al., 2003; Geschwind, 1965) , and for this reason, graph theory-based whole-brain network analysis may offer a powerful way of understanding the abnormal dynamic interactions and connectivity patterns of distributed brain regions. Specifically, the use of network approaches to analyze resting state functional MRI (rs-fMRI) data may help provide new measures to quantify differences between groups and characterize how the brain's functional architecture changes in the context of AD. Network modules, generally defined as clusters of network nodes that are more densely connected within each cluster and less densely connected between clusters (Newman and Girvan, 2004) , are ubiquitous in complex networks (Fortunato, 2010) . Modules are also a characteristic hallmark of brain connectivity (Sporns and Betzel, 2016) and may play important roles in the functioning of large-scale brain networks (Sporns, 2013; Petersen and Sporns, 2015; .
In the human brain, modules derived from resting state fMRI are commonly called "resting state networks" (RSNs), and are defined as groups of brain regions that exhibit internally coherent fluctuations of resting state blood oxygenation level dependent (BOLD) responses (Greicius et al., 2003; Fox et al., 2005) . This modular organization of functional connectivity (FC) represents stable sub-systems or "building blocks" that support, singly or through mutual interactions, different domains of cognition and behavior (Petersen and Sporns 2015; Cohen and D'Esposito, 2016; Wig, 2017) . Long-term changes in modules across time are observed in development (Alexander-Bloch et al., 2010) , the human lifespan (Betzel et al., 2014; Chan et al., 2014) and aging (Meunier et al., 2009a; Gallen et al., 2016; Schlesinger et al., 2017) , and exhibit characteristic patterns associated with age-related neurodegenerative diseases (Gottlich et al., 2013) . Recent methodological advances include the consideration of multiscale organization that is increasingly recognized as a hallmark of modular brain networks (Meunier et al., 2009b; Betzel and Bassett, 2017) .
Resting state networks and modules exhibit specific patterns of disruption in AD (Contreras et al., 2015; Damoiseaux et al., 2012; Rombouts et al., 2005) . Specifically, brain regions that make up the default mode network (DMN), which are highly functionally connected among healthy older adults, lose their "connectedness" in cases such as dementia (Greicius et al. 2004; Sorg et al. 2007; Rombouts et al., 2005; Zhu et al., 2013) . Similarly, FC in AD patients exhibits a
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A C C E P T E D M A N U S C R I P T significant reduction of clustering, both involving brain regions that are affected in AD (e.g., the hippocampus) and on an overall global scale (Supekar et al., 2008) , implying a re-organization of functional modules. Other studies have also reported reduced long-distance FC (Sanz-Arigita et al., 2010) and a weakening between connections that link modules, with the latter effect linked to cognitive dysfunction (de Haan et al., 2012) .
Likewise, better performance among cognitive tasks has been correlated with highly functionally connected brain regions comprising the executive network. Among those with MCI and dementia, these canonical RSNs do not exhibit the same functional connectivity patterns (i.e., high connectivity among brain regions belonging to a particular RSN) (Weiler et al., 2014) .
Additionally, multiple studies show that interaction between the DMN and executive networks is critical for complex cognitive tasks and that their relationship serves as an important marker for cognitive health (Fox et al., 2005; Spreng et al., 2010; Vincent et al., 2008; Boord et al., 2017; Crittenden et al., 2016) . This is particularly relevant in the case of AD, because the DMN may serve as an important diagnostic biomarker for AD due to evidence that brain atrophy, amyloid-β plaque, tau deposition, and metabolic deficits co-occur in the DMN (Buckner et al., 2009; Mohan et al., 2016; Wang et al., 2013) .
While numerous studies have examined FC and RSN dysfunction in AD, robust signatures of disease-related changes in the organization of functional networks at multiple scales have remained elusive. To comprehensively examine how FC networks are disrupted in the course of AD we embarked on a strategy that: (1) uses a combination of two distinct analysis approaches, probing for specific RSN deficits as well as disturbances of multiscale organization; (2) examines functional connectivity differences between different clinical stages leading up to AD, including subjective cognitive decline (SCD) and mild cognitive impairment (MCI) populations; and (3) demonstrates replicability across two independently acquired cohorts on two 3T MRI platforms.
Specifically, we used a two-pronged network analysis strategy. First, we analyzed differences in within-and between-RSN functional connectivity using block-wise network contingency analysis carried out on a standard RSN partition. Second, we applied a multi-scale community detection approach that allowed us to identify functional connectivity modules across multiple spatial scales. The combination of these two approaches allowed us to pinpoint network components and interactions that differed between participants grouped by clinical status. To test the reproducibility of our findings we conducted a second set of analyses on a diagnostically and demographically comparable, but otherwise completely independent replication cohort. Our A C C E P T E D M A N U S C R I P T study reveals new insights into the gradual disruption of specific aspects of RSN architecture and modular organization along the prodromal AD spectrum.
METHODS

Participants
The Indiana University Institutional Review Board approved the study, and written informed consent was obtained from each participant from both cohorts. The first cohort included a subset of older adults from the Indiana Alzheimer Disease Center (IADC), hereafter referred to as the IADC cohort. Participants were included based on availability of rs-fMRI data: 31 cognitively normal controls (CN group, psychometrically normal with no significant cognitive concerns), 27 participants with significant cognitive concerns despite cognitive test performance within the normal range (SCD group), 14 participants with amnestic mild cognitive impairment (MCI group), and 12 AD patients (AD group). The replication cohort consisted of a non-overlapping group of participants enrolled in the Indiana Memory and Aging Study, herein referred to as the IMAS cohort: 13 in the CN group, 16 in the SCD group, 21 with amnestic MCI, and 8 AD patients (AD group). Data from this second group were included in a prior publication addressing a different approach (Contreras et al., 2017) . One-way ANOVA was used to test for differences in age, sex, education, and neurocognitive variables between groups. Chi-squared tests were used to assess differences across cohorts in sex and diagnosis group membership.
Demographic information for both the IADC and IMAS cohorts is presented in Table 1 .
Neurocognitive Variables
All participants underwent a comprehensive clinical assessment and neuropsychological battery as part of the Uniform Dataset 2.0 or 3.0 (Weintraub et al., 2009; . Data from the IADC cohort included: 1) an executive function composite score, which was an average of the zscores (calculated relative to a non-overlapping cognitively normal control group) from the following tasks: Trail Making Part B seconds to complete (Partington and Lieter, 1949) , Digit Span Forward, and Digit Span Backward (Wechsler, 1987; Wechsler, 1997) ; 2) an episodic memory composite score which was an average of the z-scores from the following tasks: Logical Memory (immediate, delayed), Craft Stories (immediate, delayed) (Weintraub et al., 2018) , Rey Auditory Verbal Learning Test (RAVLT, immediate, delayed) (Schmidt, 1996) .
The IMAS cohort data included: 1) an executive function composite score, which was an average of the z-scores from the following tasks: Wisconsin Card Sorting Test (WCST) (categories correct and perseverative errors) (Heaton et al., 1993) , Test of Practical Judgement (TOP-J; a measure evaluating judgment related to safety, medical, social/ethical and financial issues; Rabin et al., 2007) , Trail Making Test A seconds to complete, Trail Making Test B seconds to complete (Partington and Leiter, 1949) , Digit Span Forward, and Digit Span Backward (Wechsler, 1987; Wechsler, 1997) ; and 2) an episodic memory composite score, which was an average of the task scores from the California Verbal Learning Test (CVLT-II; total, short, and long delay) (Delis et al., 1987; , and Craft Stories (immediate, delayed) (Craft, 1996; Weintraub et al., 2018) .
Image Acquisition and Preprocessing
Participants from the IADC cohort were imaged on a 3T Siemens Prisma MRI scanner with a 64-channel receiver-only head coil. Whole brain rs-fMRI data were collected in participants who were instructed to think of nothing in particular and to remain still with eyes closed. We employed a multi-band sequence as detailed in Xu et al. (2013) : gradient-echo echo-planar imaging (GE-EPI), scan duration 10 min 7 sec, 500 blood oxygenation level dependent (BOLD) contrast sensitive volumes, multi-band acceleration factor of 3, repetition/echo time TR/TE=1200ms/29ms, 2.5x2.5x2.5 mm 3 voxels, and 54 interleaved axial slices. The IMAS cohort was imaged on a 3T Siemens Tim Trio MRI scanner with a 12-channel receiver-only head coil using a GE-EPI sequence, scan duration 6 min 9 sec, 161 BOLD contrast sensitive volumes, repetition/echo time TR/TE=2250ms/29ms, 2.5x2.5x3.5 mm 3 voxels, 39 interleaved axial slices covering the whole brain, GRAPPA acceleration factor 2, and 3-dimensional prospective acquisition correction (PACE) for head motion (Thesen et al., 2000) .
Participants from both cohorts had an anatomical MRI with whole brain coverage using a 3D Magnetization Prepared Rapid Gradient Echo (MPRAGE) sequence (220 sagittal slices, 1.1x1.1x1.2mm 3 voxels) per the Alzheimer's Disease Neuroimaging Initiative (ADNI-1 and ADNI-2) imaging protocol. In the IADC cohort, we implemented an accelerated protocol (GRAPPA, R=2) to reduce imaging time from 9:14 sec (IMAS dataset) to 5:12 sec. Two short (12 sec) spin echo echo planar imaging (SE-EPI) scans (TR/TE=1560/49.8ms, one in A-P and one in P-A phase direction) with an imaging volume and voxel size identical to the rs-fMRI GE-EPI were acquired A C C E P T E D M A N U S C R I P T immediately before the resting state scan for field mapping. These phase-reversed SE-EPI scans provide a field map for correcting EPI geometric distortion (Smith et al., 2004) . This procedure was performed using FSL's topup/applytopup (Smith et al., 2004) , which yielded improved signal localization across the whole brain, with the most notable improvements in frontal and temporal areas.
The resulting unwarped rs-fMRI data were preprocessed within the Matlab framework using FSL as recommended by Power et al. (Power et al., 2012; Power et al., 2014) : 1) slice time correction; 2) motion correction; 3) tissue segmentation of white matter (WM), gray matter (GM), and CSF using T1-weighted MPRAGE; 4) co-registration of T1-weighted MPRAGE to rsfMRI volumes through a sequence of transformations (FSL's FLIRT 6 DOFs, FLIRT 12 DOFs and nonlinear FNIRT); 5) application of brain parcellation with 278 regions of interest (ROI) (Shen et al., 2013) in native rs-fMRI space (this parcellation derived from a large resting state dataset includes ROIs that have similar size and are neither too fine nor too coarse); 6) use of mode 1000 normalization and linear detrending of the BOLD signal; 7) inclusion of 18 regressors (6 head motion parameters, mean WM, CSF, and whole-brain tissue-based signals and their 9 derivatives) and a scrubbing procedure to exclude extreme head motion outlier volumes (method adapted from Power et al., 2014) ; 8) application of a first-order Butterworth bandpass filter (0.009Hz to 0.08 Hz); and 9) use of 5 principal components in the WM and CSF tissue BOLD signal to regress them from the GM signal. These processed rs-fMRI data were then used to quantify the functional connectivity of brain regions in each participant by computing correlation coefficients (Pearson's r) between mean BOLD time series of each ROI pair, which were compiled into a 278 x 278 functional connectivity matrix. Brain regions were further ordered into nine blocks: seven well-defined cortical RSNs (Yeo et al., 2011) , plus blocks of subcortical and cerebellar regions. Details can be found in Contreras et al. (Contreras et al., 2017) . All network analyses in this paper were carried out on Fisher z-transformed FC estimates.
Functional Connectivity Analysis: Block-Wise Comparison
To determine whether functional connectivity patterns differed significantly between clinical groups, we pursued an approach similar to that previously described as "network contingency analysis" (Sripada et al., 2014) . The approach performs a block-wise comparison of functional connections within and between specific RSNs (blocks) to determine if these connections differ
significantly between groups of participants. The method uses a nonparametric permutation test to determine significant differences and avoids testing for large numbers of single edges by instead comparing edge counts obtained from FC sub-blocks. The analysis proceeded along the following steps. First, functional connectivity differences between the control and AD clinical groups were expressed as a t-statistic. Second, group affiliations were randomly permuted 10,000 times and t-statistics were computed from these permuted samples to build an empirical null distribution. Third, the whole-brain FC matrix was subdivided into 9x9 sub-blocks corresponding to seven canonical RSNs (Yeo et al., 2011) plus cerebellum and subcortex, as described above. Fourth, we counted, for each of the 45 unique sub-blocks (9 diagonal and (9*8)/2 off-diagonal), the number of t-values exceeding a t-threshold (tthr), testing for both t>tthr and t<-tthr. We varied tthr between t=2.0 and t=6.0, in steps of 0.25, to ensure robustness.
Fifth, we repeated steps three and four for each of the 10,000 random permutations, thus generating a distribution for the number of functional connections differing between groups under the statistical criterion set by the t-threshold. Finally, we computed exact p-values based on the comparison of FC counts in empirical versus permuted samples in each unique FC subblock and applied a Bonferroni correction. The analysis was first carried out comparing CN and AD subjects in the IADC cohort, and then performed on CN and AD participants in the IMAS cohort. In the replication cohort, we focused only on FC sub-blocks that showed significant Bonferroni-corrected differences between CN and AD participants in the IADC cohort.
Network contingency analysis can capture group differences in the number of individual edges that significantly differ within each block. To also test for differences in FC magnitude for each FC sub-block across clinical groups, we computed the median functional connectivity within each of the 45 unique FC sub-blocks for each individual participant. Median FC values were computed for all individuals in both cohorts and used for subsequent group-wise comparisons as well as brain-behavior regression analysis.
Functional Connectivity Analysis: Multiscale Modularity
To determine significant differences in the network community structure (modularity) of FC patterns across clinical groups, we performed modularity maximization using a fast variant of the Louvain algorithm (Blondel et al., 2008) . A novel aspect of our analysis is the adoption of a method probing for modularity at multiple spatial scales or resolutions, followed by the creation of a consensus across scales. This technique, called "multiresolution consensus
clustering" (Jeub et al., 2018) , was adapted for use with correlation matrices by implementing a suitable null model in the modularity function. Briefly, the analysis proceeds along the following steps. First, using the Louvain modularity maximization algorithm, partitions were sampled from a wide range of the resolution parameter that tunes the objective function to different spatial scales. The range of the resolution parameter was selected such that the full set of samples ranged from a minimal setting (where the number of modules is equal to 1) to a maximal setting (where the number of modules is equal to the number of nodes). For each FC matrix, 10,000 sample partitions were collected within this range, employing an event sampling strategy to ensure approximately equal coverage of all scales present in the network. Second, the ensemble of sample partitions was combined into a co-classification (CC) matrix that summarized, for each pair of nodes, the proportion of all partitions for which the node pair was co-assigned to the same module. This proportion can maximally range between zero (no coclassification at any resolution) and one (perfect co-classification across all resolutions). Third, the full multiresolution ensemble of partitions was subjected to a divisive hierarchical clustering algorithm based on assessing significance of pairwise co-classification of nodes. This step delivers a tree (dendrogram) of nested partitions, taken to represent the multiscale modular structure of the network.
Multiresolution consensus clustering was carried out on FC averaged for each diagnostic group, as well as on individual FC matrices. To test for differences involving specific RSNs the coclassification matrix was analyzed within the same 9x9 sub-blocks used previously for FC analysis. Focusing on those significant sub-blocks that survived Bonferroni correction in FC network contingency analysis across both primary and replication data sets (see above), we tested if these sub-blocks also exhibited differences (across participant groups) in the frequency with which their constituent node pairs were co-classified into the same modules. This was assessed by computing the median block-wise co-classification for all individuals in both cohorts. These data were later used for group-wise comparisons as well as brain-behavior regression analysis.
Finally, we examined differences in modular organization across participant groups by placing the nine canonical RSNs within data-driven multiresolution consensus partitions derived from averaged FC matrices for each group. Projecting the nine canonical RSNs into each group's consensus partition allowed visualization of how these canonical RSNs mapped onto the groupspecific multiscale consensus.
A C C E P T E D M A N U S C R I P T Linear Regression Analysis and Brain-Behavior Relationship
Using individual FC data, the median FC and CC magnitudes for the sub-blocks that survived network contingency analysis in both primary and replication data sets (see above) were regressed against two behavioral scores, for executive function and memory (both converted to z-scores corrected for age, sex and education). FC magnitude and CC magnitude were computed as the median FC and median CC within each sub-block, corrected for effects of age, sex and education, and converted to neural z-scores. The relation between neural and behavioral scores was computed as a Spearman rank-order correlation. To assess statistical significance, in addition to associated p-values, we computed neural-behavioral Spearman correlations for 10,000 random permutations of participant's behavioral scores against unpermuted neural scores, thus forming an empirical null distribution of correlation values against which the experimental correlation values could be compared.
Data Availability
Detailed clinical data cannot be made publicly available for confidentiality reasons. However, qualified researchers may apply for access to de-identified data, contingent on any required Institutional Review Board approvals, data security assurances, a signed data use agreement, and approval by the study principal investigator. Analysis tools for detecting network communities and for multiresolution consensus clustering are available at https://github.com/GenLouvain/GenLouvain/commits/master and at https://github.com/LJeub/HierarchicalConsensus, respectively. Other network analysis tools are at https://sites.google.com/site/bctnet/. Force embedded network layouts were performed using http://mrvar.fdv.uni-lj.si/pajek/.
RESULTS
Participant Cohorts
Participant characteristics and cognitive scores for the both cohorts are presented in Table 1 .
No significant differences were found in age, sex, or education between groups across cohorts.
A C C E P T E D M A N U S C R I P T
Significant group membership differences were found across cohorts. The IADC cohort had proportionally more CN and less MCI participants compared to the IMAS cohort.
Comparison of cognitive scores across groups revealed the following significant differences See Table 1 for details.
Functional Connectivity
Averaged FC patterns for the four participant groups are presented in Figure 1 To further test for significant FC differences within the FP and FP-DMN blocks we computed the median FC for each of these blocks for all individual participants and tested for group differences. Test statistics were computed by performing permutation testing (10,000
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A N U S C R I P T permutations); reported p-values are uncorrected. Figure 2 shows FC data for individual participants from the four participant groups in both cohorts. In the IADC cohort, significant differences were found between the CN and AD groups for both the FP (p = 0.004) and FP-DMN sub-blocks (p = 0.0004). In the IMAS cohort, significant differences were found only in the FP sub-block, both between CN and MCI groups (p = 0.018) and CN and AD groups (p = 0.008). No other comparisons reached significance.
Multiresolution Consensus Clustering
Co-classification (CC) matrices computed from the group-averaged FC (see Figure 1) for the four participant groups are presented in Figure 3 , with node orders in the matrices arranged by RSN sub-block (matching the orderings shown in Figure 1 ). CC matrices averaged by RSN sub-blocks are shown for both IADC and IMAS cohorts to demonstrate cross-cohort reproducibility.
Focusing on the FP and FP-DMN sub-blocks identified in prior network contingency analysis, we tested whether the average co-classification for node-pairs within these two sub-blocks differed among individuals across groups, applying permutation testing (10,000 permutations); reported p-values are uncorrected. Figure 4 shows the resulting group differences. In the IADC cohort, for the FP sub-block marginal differences were found between CN and MCI groups (p = 0.051) and significant differences were found between CN and AD groups (p = 0.004). For the FP-DMN sub-block, significant differences were found between the CN and AD groups (p = 0.003). All of these differences were replicated in the IMAS cohort (FP block CN/MCI p = 0.033; FP block CN/AD p = 0.015; FP-DMN block CN/AD p = 0.023).
Differences in how canonical RSNs mapped onto each group's native modularity are visualized in Figure 5 . To generate this visualization, we first selected a cut in the multi-resolution hierarchy for which the number of modules across the four groups most closely matched the number of RSNs (nine) included in the study. We arranged the nodes for each clinical group according to this partition, and then overlaid the nine canonical RSNs onto these group-specific modules to determine how these RSNs are distributed within and across modules. Visualizing the overlay of the RSNs onto group partitions in the IADC cohort ( Figure 5A ) further reveals differences in organizational structure between different clinical groups. Focusing on the FP and DMN, in the CN group the majority of brain regions (network nodes) constituting these two networks were organized into distinct and separate modules. In the AD group, this was no longer evident, as the majority of FP and DMN nodes were co-classified within the same
A C C E P T E D M A N U S C R I P T
module. This arrangement was also encountered in the IMAS cohort ( Figure 5B ). In the IADC cohort, the loss in separation between FP and DMN was evident as early as the SCD group, but appears less clearly in the MCI group, indicating some nonlinearity in progression along the clinical spectrum. Figure 6 displays the overall organization of the group-averaged FC and CC patterns using the same node ordering as in Figure 5 , for the CN and AD groups in the IADC cohort. A major difference between the two groups is the smaller number of larger modules in the AD group compared to the CN group, which results in a less well separated (segregated) arrangement of the nine canonical RSNs. This is particularly evident when comparing the CC patterns across the two groups. Figure 7 reinforces this point, displaying layouts for the CC patterns across the four groups in the IADC cohort. Node color indicates membership in the nine canonical RSNs. These CC layouts reveal that the largely intact segregation among RSNs in the CN group becomes progressively disturbed. Supporting our prior statistical analyses, this finding is particularly evident in the placement of FP and DMN nodes (blue and purple, respectively) which become increasingly intermingled with increasing severity along the clinical spectrum.
Regression Analysis and Brain-Behavior Relationship
Finally, we tested for significant correlations between candidate neural measures (median FC and median CC within the FP and the FP-DMN sub-blocks) and candidate behavioral measures (executive function and episodic memory), across all individual participants in both cohorts.
Across both cohorts and both neural measures (median block-wise FC and CC), brain-behavior relationships emerged most consistently when examining regressions of the FP sub-block data against the memory score (Figure 8 ). In the IADC cohort, the median CC/episodic memory score regression reached significance (uncorrected Spearman's ρ = -0.225, p = 0.046) while the median FC/episodic memory score relationship was non-significant (ρ = -0.073, p = 0.523). In the IMAS cohort, both relationships reached significance (ρ = -0.300, p = 0.024 and ρ = -0.360, p = 0.006, respectively). Overall, these findings suggest that greater internal coherence (expressed as either increased FC or stronger CC) of the FP network is associated with lower episodic memory scores. No other brain-behavior regressions were reproducible across the two cohorts.
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DISCUSSION
There is general agreement that the brain of a patient with AD differs from that of a normally aging individual, especially in terms of its pattern of anatomical and functional inter-regional connections. Often, studies focus solely on the connectivity alterations within individual networks. Such an approach, however, does not consider the complex interplay between regions from different brain systems and does not provide an integrative perspective needed to assess how the brain changes as disease progresses. In this study, we examined the modular organization of functional connectivity among multiple canonical RSNs within four separate participant groups along the AD spectrum, focusing on convergent results obtained with multiple analysis approaches that replicated across two independent participant cohorts. Our findings point to FC differences within and between the DMN and FP networks, with a pronounced tendency for the two networks to become less segregated and more intermingled in AD participants compared to controls. As mentioned earlier, the interaction between the DMN and executive network is highly correlated with the performance of complex cognitive tasks, indicating the importance of this relationship to cognitive health. We therefore put forth the idea that as disease severity worsens (i.e., from SCD to MCI to AD) these important functional connectivity patterns become less prominent or are no longer present (i.e., in AD).
This decreased segregation between two critical networks implicated in AD (DMN and executive network) adds to the idea that AD is a disconnection syndrome. To reveal these changes in FC modular organization we relied on direct comparison of FC patterns within and between RSNs, as well as on a novel approach to characterize FC modules across multiple spatial scales.
Studies that have employed connectivity metrics have had initial successes in identifying AD biomarkers, with some reporting specific functional connectivity changes as the disease progresses. To date, multiple studies have reported RSN disturbances in patients with AD, MCI, presymptomatic autosomal dominant AD mutation carriers, and cognitively normal individuals carrying the APOE 4 risk allele (Agosta et al., 2012; Badhwar et al., 2017; Dillen et al., 2017; Li et al., 2017; Lopez-Sanz et al., 2017; Nakamura et al., 2017; Schumacher et al., 2017) . Our study expands upon these earlier reports by using a two-pronged network analysis strategy aiming to more fully characterize FC modular organization, and by testing the robustness of our findings across two independent cohorts of participants. Our findings consistently point to the FP and DMN networks, and their mutual interactions, as altered in participants with AD. While the FP A C C E P T E D M A N U S C R I P T intrinsic coherence appears to increase, so does the median functional connectivity between the FP and the DMN network, resulting in greater co-classification (i.e., reduced segregation).
Some of these changes in FP/DMN organization are apparent at the earliest stages of AD, before cognitive symptoms manifest (e.g., Figures 5 and 7) .
The importance of the relationship between FP and DMN to cognition has long been hypothesized (Demertzi et al., 2013; Heine et al., 2012) . For instance, internetwork coupling between these networks is believed to support cognitive processes such as decision-making, executive function and memory. In fact, age differences have been shown in inter-network FC between DMN and FP, specifically demonstrating that between-network FC of the FP network can predict cognitive performance (Grady et al., 2016) . How functional networks interact with each other in pathological conditions such as Alzheimer's disease is not well understood, however. Even less known is how this interaction, or lack thereof, manifests behaviorally. Therefore, our results demonstrating a significant difference in FC magnitude within FP and in the FP/DMN interaction between CN and AD groups may offer new insight into neural bases for specific cognitive dysfunctions. Our second (related) finding was showing that as the disease progressed, brain regions in the FP and DMN networks became less segregated and increasingly merged into one network module. Interestingly, other studies have shown that the frontoparietal network and default mode network engage in behaviorally relevant mutual interactions (Boly et al., 2009; Fox et al., 2005; Long et al., 2016) . Specifically, it has been suggested that FP exerts control of the DMN by downregulating its activity (as the FP network becomes inhibited, the DMN becomes disinhibited) (Chen et al., 2013; Sridharan et al., 2008) .
These interactions are thought to mediate how the brain regulates higher-level cognitive processes Chen et al., 2013) . This evidence would suggest that properly balanced interaction between the two networks is critical for healthy brain function and cognition. In fact, other studies have shown that disruptions in the dynamic interaction between networks is linked to attentional lapses and suboptimal performance in healthy individuals (Persson et al., 2007; Prado and Weissman, 2011; Weissman et al., 2006) .
We add further evidence to the aforementioned critical relationship between DMN and FP networks by demonstrating that differences in modular organization of brain regions belonging to both RSNs is reflected in AD, a disease that greatly impairs cognition, memory, and sense of self. Furthermore, this breakdown of organization is partially evident in the MCI group ( Figures   2 and 4) and in cognitively normal patients with significant cognitive complaints ( Figure 5 ). This
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suggests that our network approach may have potential to help characterize complex diseases such as AD, and may guide further investigation into the functional connectivity and dynamic relationships between ROIs that are part of both RSNs, providing additional context for exploring disease spread.
An important feature of our study is the use of two parallel and distinct network analysis approaches to detect FC differences across clinical groups, as well as replication of main findings on a separate replication cohort. Network contingency analysis allows for the detection of block-wise differences in FC across groups of individuals (Sripada et al., 2014) while avoiding excessive multiple comparison testing (similar to the approach called network-based statistic; Zalesky et al., 2010) . Multiresolution consensus clustering (Jeub et al., 2018) does not directly test for differences in FC, but instead generates a module co-classification matrix that records, for each pair of nodes, the propensity for these nodes to belong to the same module. The approach avoids the pitfalls of having to select a single scale (a single value of the resolution parameter in the modularity metric) for subsequent analysis, a step that requires setting statistical criteria that can be difficult to define or justify. The co-classification matrix naturally combines data from multiple scales, and thus provides a fuller picture of the stability and spatial organization of statistically significant FC modules. In combination, these two approaches complement each other as they employ different approaches for examining modular network structure.
There are limitations to the present study. Diagnostic group membership was significantly different across the two cohorts. Specifically, the IADC cohort had proportionally more CN and fewer MCI participants compared to the IMAS cohort. The AD groups were also smaller than the other subgroups. The inclusion of additional participants to equalize sampling across groups could help to reproduce specific patterns between cohorts and could provide a broader range of neurocognitive scores across the samples. Second, while we analyzed the functional connectomes in both cohorts in the same manner, resting state scan duration and acquisition parameters (e.g., Siemens 3T scanners and BOLD contrast sensitive sequence) differed.
Mounting evidence suggests that longer rs-fMRI acquisition times can greatly improve data quality (Birn et al., 2013) as well as improve the stability and reproducibility of FC networks (Laumann et al., 2015) . Our rs-fMRI acquisition in the more recent IADC cohort was superior, both spatially (smaller and isotropic voxels) and temporally (almost two-fold improvement in sampling rate), as well as from the scan duration perspective (10 min vs 6 min in the IMAS
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A C C E P T E D M A N U S C R I P T cohort). The legacy IMAS cohort also had slightly higher number of scrubbed BOLD volumes (mean of 10%). Despite these functional connectivity estimation limitations in the IMAS cohort, there was no bias across diagnostic groups. With these differences in mind, the replicability of results between cohorts supports the robustness of the main findings reported in our study.
Third, this study uses cross-sectional data; therefore, it is not certain that patients currently diagnosed as SCD or MCI will progress to AD. This shortcoming will be addressed with the ongoing collection of longitudinal data in the IADC cohort.
In summary, we have added further evidence that the dysregulation in modular organization in the FP network and between the DMN and FP network does carry clinical implications, specifically in the case of AD (Menon, 2011; Whitfield-Gabrieli and Ford, 2012) . Thus, the combination of advanced neuroimaging techniques and network analysis may hold the potential to characterize pathological changes within AD, specifically by detecting incipient disturbances in brain functional systems.
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This study was supported, in part, by National Institute on Aging grants R01 AG019771, P30 shows the connectivity of all brain region pairs using a 278x278 parcellation (Shen et al., 2013) in each participant was quantified using z-transformed Pearson correlation coefficients between mean BOLD time series of each ROI pair and averaged across participants within each diagnostic group. Bottom row shows brain regions further ordered into nine blocks: seven welldefined cortical RSNs (Yeo et al., 2011) note that this results in node orderings that differ between subject groups and cohorts.
Superimposed is the canonical assignment of each node pair to a standard RSN (color code shown at right). As diagnosis becomes more severe the DMN (purple) and FP (blue) become less well separated within each group's sets of modules, and more intermingled (i.e. purple and blue modules are increasingly co-assigned to the same module). Figure 5 ). Node orderings in the FC and CC panels for the CN group and the AD group correspond exactly, thus allowing direct comparison of the functional connectivity and co-classification patterns. Note the smaller number of internally coherent modules in the AD group, compared to the CN group, which is particularly apparent in the CC matrices (panels B).
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A C C E P T E D M A N U S C R I P T were derived using the Kamada-Kawai layout algorithm (Kamada and Kawai, 1989 ) that assigns spring-like forces to network edges and then places nodes such that the energy stored in the edges is minimized. Node color indicates RSN membership. Note the central position of the FP network (blue nodes) in the CN group which is gradually lost, with FP and DMN (purple nodes) becoming increasingly co-classified and co-mingled. 
